' Absrrorl-A system has been developed to detect epileptic seizures in real-time during long-term EEG (LTEEG) monitoring. LTEEG is an important clinical service provided by the Neurology Department at Christchurch Hospital to investigate patients who have relatively infrequent but recurring seizures over extended periods. The detection algorithm looks for extended amplitude and frequency changes, calculated using basic signal-processing techniques, followed by a rule-based stage which compares timedependent features against dynamic thresholds for each channel. Spatial context is used to discriminate eye artifacts. The system was tested on EEG data from 5 patients containing 44 epileptic seizures. The sensitivity and selectivity of the algorithm were 88.7% and 92.6% respectively.
I. INTRODUCTION
Epilepsy is one of the most common of the neurological disorders, with a prevalence of about 1% of the population or 50 million persons worldwide [I]. Long-term EEG (LTEEG) monitoring is used to closely monitor patients over extended periods who have relatively infrequent but recurring atypical 'turns' or seizures. LTEEG monitoring comprises continuous 19-chaMel EEG and video recordings over several days. This allows the seizures to be 'captured' for in-depth off-line analysis. This information enables the neurophysiologist/ neurologist to determine whether or not such seizures are of epileptic origin and, if so, determine the type and location of the epileptogenic activity in the brain. Currently, the Occurrence of a seizure can only be recorded by having the patient, a nurse, or a relative, push a seizure button which results in a pre-set period of EEG before and after the pressing of the seizure button being stored for viewing at some later stage. If for any reason the seizure button is not pressed, the EEG relating to that seizure is lost. The ability to detect seizures automatically in the EEG will substantially reduce the loss of valuable data due to the manual seizure button not being pressed.
Unlike spike-and-waves, a seizure is not primarily an electrographic pattern of characteristic morphology, hut rather a behavioral event [2,3] (e.g., Fig. 1 and 2 ). This wideranging electrographic morphology and, in some cases, lack of clear EEG manifestations, can make some seizures very difficult to detect reliably.
The aim of this project was to develop a real-time signalprocessing algorithm to detect epileptic bursts and seizures in the EEG. Several approaches have been developed elsewhere, with varying success, in attempts to automatically detect epileptiform activity and seizures in the EEG. In most of these, the tendency has been to look for extended amplitude and frequency changes rather than aiming to capture characteristic waveforms. Because of the widely varying morphology of seizures, we also chose to incorporate measures of extended amplitude and frequency changes, as central features in our multi-stage detection algorithm.
METHOEOLCGY
Our seizure detector incorporates a sequence of steps, comparable with those in the manual process applied by the expert electroencephalographer (EEGer).
To keep the algorithm as versatile as possible, the algorithm is largely montage independent. However, for optimum performance, the montage is best kept constant throughout a recording. 
A. Calculation offeatures
Most seizures include some rhythmic discharge of high amplitude (low amplitude desynchronized EEG often marks their onset) and, at some time during their development, include paroxysmal rhythmic activity compared to the background, with frequencies varying from 3-20 Hz and relatively sustained in duration [2,4,5].
The algorithm calculates, the Average Dynamic Range (ADR) and the Frequency Vector (FV), representing amplitude and frequency features respectively, for every channel and over 256 sample epochs: The FV for each epoch is estimated from the power spectrum of each of its half-overlapping 64 point segments. Power spectra are calculated using a 64 point FFT. The mean of all 15 power spectra is convoluted with a Hanning window function resulting in a vector representing the frequency feanues of an epoch.
Temporal context information is used to make the algorithm insensitive to gain settings. The calculated features are stored in a moving window of 30 epochs representing the background of the EEG recording. The background is used to evaluate current epoch features against relative dynamic thresholds in the rule-based stage. To obtain a clear background, epochs containing high amplitude activity or large frequency changes, relative to the last 30 epochs, are rejected from the background.
R. Usingprior knowledge
To determine if the calculated features of an epoch represent a seizure, the features are compared to the features of epochs containing definite seizures. The widely varying morphology of seizures makes it difficult to use static (absolute thresholds) comparison methods. Hence, relative dynamic thresholds are calculated relative ADR (RADR) by dividing the ADR with the mean of the background, and the weighted distance function (DFV) between the FV of the current epoch and the mean of the background.
Single-channel rules in the rule-based stage are determined empirically and in a sequence. The first rule separates the candidate seizure epochs from the raw data by comparing the RADR and DFV with thresholds. To determine these thresholds, scatter plots of RADRs and DFVs from epochs containing confirmed seizure and non-seizures were generated for the 5 EEGs (e.g.. Fig. 3) .
The next rule discriminates seizures from large frequency changes in the common frequency bands (a and p). This is done by determining a direction coefficient (DC) from the FV of the current epoch. The final single-channel rule rejects muscle artifacts by determining the ratio of power in the high to the low frequency ranges. Prior to the final decision, spatial context information is added in some multi-channel rules to reject eye-movement and eye-flutter artifacts. An epoch is rejected if events occur only on frontal channels. An epoch is also rejected if the candidate seizure occurs on less then 4 channels.
C. Test data
Sixteen channels of EEG were recorded via several bipolar and referential montages from scalp electrodes placed according to the International 10-20 system. The amplified EEG was band-pass filtered between 0.5-70 Hz, sampled at 200 Hz and digitized to 12 bits.
The performance of the system was tested on EEGs (2.15 h) containing epileptiform activity h m five patients ranging 5-65 years. Overall, the algorithm has a sensitivity of 88.7%. a EEG EEG#I selectivity of 92.6%, and an FPh of 2.3 (Table I) . The data contained 71 tiue seizure events (TSEs), defined as epileptiform bursts of 1 s or longer and marked by at least 2 of the 3 EEGers as definite or by one as definite and 2 as questionable. This data set was considered by one of the EEGers (GC) to contain a suficient number and variety of electrographic patterns to adequately test the algorithm.
D. Peiformance
Each EEG was presented to the seizure detector. 
V. CONCLUSION
The idea of single-channel features to represent the EEG signal appears satisfactory for detection of epileptic bursts with a reasonable sensitivity and selectivity. Furthermore, the seizure detection algorithm has been translated from Matlab to Ctt. so as to operate in real-time.
The seizure detection system presented in this paper has onlv iust been clinicallv commissioned in the LTEEG service , < of the Department of Neurology. A s this system records all Where TP is a true positive detection (correct detection of EEG data on a single (referential) montage, at least slight a TSE) and FP is a false positive detection. If epileptiform improvements in performance are likely to be obtained immediately. Either way, automated seizure detection should lead to substantial imnrovements in the LTEEG service bv and sharp waves), they were removed from the analysis. hour were detected which were not TSEs (such as 'pikes
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reducing the loss of valuable seizure data through the seizure button not being pressed and through the detection of suhclinical seizures, From the single-channel feature representation in Fig. 3 it can be seen that the weighted distance of the FV and the ADR in relation to the background give, on their own, quite acceptable discrimination between seizures and other activity 
